We report here an all-atom energy based Monte Carlo docking procedure tested on a dataset of 226 proteinligand complexes. Average root mean square deviation (RMSD) from crystal conformation was observed to be ~ 0.53 Å. The correlation coefficient (r 2 ) for the predicted binding free energies calculated using the docked structures against experimental binding affinities was 0.72. The docking protocol is web-enabled as a free software at www.scfbioiitd.res.in/dock.
INTRODUCTION
The discovery of new lead molecules via computer modeling is a key challenge for modern medicine, where accurate prediction of binding modes of candidate ligands and their target protein, i.e. modeling the structures of the proteinligand complexes, constitutes the first step in any Computer Aided Drug Design (CADD) application [1] [2] [3] . Success of in silico drug design depends mainly on two factors: firstly, an efficient and robust molecular docking protocol which can fit the candidate molecule in an energetically favorable conformation with respect to its target protein conformation and secondly, an effective scoring function to estimate the binding affinity of the modeled complex [4, 5] .
Computational approaches for the docking problem are classified into rigid body and flexible algorithms. Rigid body approximation is the first and basic step of docking wherein the flexibility of protein and ligand is not explicitly considered [6] [7] , hence the search algorithm explores rapidly the optimal ligand position in the receptor active site in the 6-dimensional search space using the translational and rotational degrees of freedom of the ligand [8] . Some of the examples of rigid docking programs include DOCK [9] , Yucca [10] and FRED [11] . In flexible docking methods, only ligand or both receptor and ligand are treated as flexible by adding torsional degrees of freedom to the ligand / side chains [12] .
A number of docking algorithms have been reported in recent years [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] . Based on the search criteria, these algorithms are grouped into three categories [13, 14] : Systematic search (incremental construction, conformational search, databases); random or stochastic methods (Monte Carlo, genetic algorithms, and tabu search) and simulation methods *Address correspondence to this author at the Dept. of Chemistry & Supercomputing Facility for Bioinformatics & Computational Biology, Indian Institute of Technology, Hauz Khas, New Delhi-110016, India; Tel: 91-11-26591505, 91-11-26596786; Fax: 91-11-26582037; E-mail: bjayaram@chemistry.iitd.ac.in (molecular dynamics). The incremental construction algorithms first dissect each molecule into a set of rigid fragments according to rotatable bonds, and then incrementally assemble the fragments around the binding pocket. Some examples of this class are DOCK [15] , FlexX [16] , Surflex [17] , FLOG [18] and Hammerhead [19] . Some representatives for stochastic search algorithms are AutoDock [20] , ICM [21] , GOLD [22] , MC DOCK [23] which are based on genetic algorithms or Monte Carlo simulated annealing method. These methods operate by making extensive random changes of the ligand. Simulation methods such as molecular dynamics [24] allow for simulation of different parts of protein-ligand system at different temperatures. Some of the simulation based methods are MOE-Dock [25] and Glide [26] .
Besides search techniques in docking exercises, scoring function plays a pivotal role in ranking various bound states [27] [28] [29] . A combination of an efficient search / docking algorithm and a good scoring function is essential to predict the best conformation of a docked structure [30] . The search method should ideally be efficient in identifying the global minimum [23, 31] . Although most of the docking programs have been tested on various sets of complexes [32] , a more detailed analysis of the predicted structures and the binding energetics against experiment is lacking. In this study, we address two basic issues, (1) whether the search strategy employed for rigid protein-ligand is efficient in predicting the crystal conformation and (2) whether the efficiency of the combined docking / scoring protocol is ensured.
We report here an all atom energy based Monte Carlo docking protocol christened 'ParDOCK' (parallel dock) implemented in a fully automated, parallel processing mode. Here the Monte Carlo method in six dimensional space is implemented to generate a large number of random configurations of the ligand in search of optimal location in the binding pocket of the target macromolecule. A combination of an all atom energy based scoring with a Monte Carlo search technique appears to provide a reliable method for protein-ligand structure optimization and binding affinity prediction as the results indicate.
DOCKING METHODOLOGY
The structural inputs for ParDOCK are a reference complex (target protein bound to a reference ligand) and a candidate molecule. Fig. 1 shows the flowchart of docking methodology adopted. The ParDOCK protocol consists of four main steps: (a) identification of the best possible grid/ translational points in radius of 3Å around the reference point (centre of mass);(b) generation of protein grid and preparation of energy grid in and around the active site of the protein to pre-calculate the energy of each atom in the candidate ligand; (c) Monte Carlo docking and intensive configurational search of the ligand inside the active site; and (d) identification of the best docked structures on an energy criterion and prediction of the binding free energy of the complex. This completely automated version of ParDOCK is developed for the purpose of finding the binding mode of the ligand to its receptor to a known binding site and not for the purpose of predicting all possible binding sites. The reference complex therefore helps in initiating the search.
For the sake of efficiency, a portion of the receptor enclosing the binding site is considered and this simplification is accounted for in atomic level energy calculations. The use of grids for docking protocols was pioneered by Goodford [33] and we have used grid representations for energy calculations. The basic idea is to store information about the receptor's energy contributions on grid points so that only these need to be read during scoring.
Identification of the Grid / Translation Points
The center of mass (COM) of the reference ligand is calculated and considered as a reference point inside the active site of the protein. A cube of length 6Å (i.e. ± 3Å) with respect to the reference point is created and a uniform grid of length 1Å inside the 6Å cube is defined. The 1Å grids occupied by protein atoms are eliminated and the free grid points are considered. This helps to increase the efficiency of search by providing all possible translational points in a decreased / vacant search space.
Generation of Protein Grid and Pre-Calculation of Energy
Protein grid of length 10Å is generated in order to identify the protein residues interacting with the candidate ligand. The protein grid formation helps in identifying the protein residues in a specified range which are interacting with atoms of the candidate ligand. While searching for the spatial positions around the reference point (COM) within the active site of the protein, the clash module helps in identifying the appropriate translation points from the given series of points in the range of 1Å. Number of clashes is calculated at each translation point and the best set of translation points with minimum number of clashes are selected in the given cube of length 6Å.
The energy grid is arranged in and around the active site of the protein based on the selected translation points and the energy points are placed at equal distance inside the grid. The interaction energy of each atom of the candidate ligand is pre-calculated at each point using a scoring function comprising three components: electrostatic, van der Waals and hydrophobic interactions. For a given energy point, a cube cut off is fixed and the protein atoms interacting with this point are identified.
Generation of Monte Carlo Configurations of the Ligand
The Monte Carlo configurations are generated around six degrees of freedom which result in many combinations of ligand configurations at each translation point. For each Monte Carlo configuration, energy points are selected and pre-calculated energies of each atom are added. The putative binding configurations are selected based on the scoring function.
Description of the 226 Protein-Ligand Complex Dataset Employed
The present study was carried out on a diverse dataset of a total of 226 protein-ligand complexes comprising 81 unique proteins taken from RCSB [34] . These are chosen based on the availability of the experimental binding affinities. The dataset contains protein targets such as DHFR, HIV-protease, trypsin, Renin, carbonic anhydrase and others covering a number of disease targets. The experimental binding affinities are available in the public databases such as PLD [35] , LPDB [36] and AffinDB [37] .
Preparation of Protein and Ligand for Docking
The complexes chosen for study are adapted from RCSB and prepared in a force field compatible manner. Initially the crystallographic water molecules are removed and the ligand coordinates are extracted from the protein-ligand complex. Hydrogen atoms are added keeping the ionization states of the atoms in the ligand as specified in the literature. The ligand is then geometry optimized through AM1 procedure followed by calculation of partial charges of the ligand by AM1-BCC procedure [38] . GAFF force field [39] is used to assign atom types [40] , bond angle, dihedral and van der Waals parameters for the ligand. The energy of each configuration is matched with the energy points and the pre-calculated energies are added (i) The best energy structure is selected based on energy (j)The RMSD difference between crystal structure (CPK color) and energy minimized docked structure (Brown ).
Description of All-Atom Energy Based Scoring Function
The ligand configurations generated are ranked based on an all atom energy function, which calculates non-bonded interactions of protein-ligand complexes as described [41] in equation (I).
E is the total non-bonded energy, E el is the electrostatic contribution to the energy, E vdw is the van der Waals term, E hpb is the hydrophobic term and the summation runs over all the atoms of the protein-ligand complex. Electrostatic contribution is calculated by Coulomb's law with sigmoidal dielectric function, van der Waals term is computed using a (12, 6) Lennard-Jones potential [42] between the atoms of protein and ligand and hydrophobic interactions are calculated by Gurney parameter approach [43, 44] .
Energy Minimization of Docked Structures and Protein-Ligand Binding Free Energy Estimations
The selected docked complexes are energy minimized in vacuum by AMBER [28] . For vacuum minimizations, 1000 steps of steepest descent and 1500 steps of conjugate gradient are carried out. The minimization procedure was repeated using explicit solvent, without much difference in the calculated energetics. Hence the vacuum minimization protocol was retained due to its expeditious nature. The energy minimized structure is employed in computing the binding affinity by a scoring function, BAPPL [41] developed in our laboratory. The energy function employed in BAPPL includes contributions of electrostatics, van der Waals, hydrophobicity and loss of conformational entropy of protein side chains upon ligand binding.
RESULTS AND DISCUSSION
To ensure robustness and efficiency, the protocol is tested on a large and diverse dataset of 226 protein-ligand complexes. Testing and validation was carried out using two approaches, namely self docking and cross docking.
Self Docking
The ligands were separated from the complexes and each ligand was randomly displaced in space and docked to its respective target protein. This validation was mainly to evaluate the accuracy and runtime of ParDOCK. Accuracy of the results based upon Root Mean Square deviations of docked structures versus experimental structures are presented in Fig. 3 . The protocol is able to recover a correlation of r = 0.85 between the predicted and experimental binding free energies shown in Fig. 4 . Out of 226 complexes, in 8 complexes the observed docked and crystal structures showed an RMSD >2Å, in 42 Complexes the observed RMSD between docked versus crystal structures were found to be in the range of 0.5 -2 Å and in 176 complexes the observed RMSD was less than 0.5Å. Since ParDOCK is an all-atom energy based protocol, it takes on an average 20 min per complex on an 8 processor Intel P4 Linux cluster. All atom energy is calculated each time and the CPU time thus varies with the number of ligand atoms. The complexes 2er7 and 3er5 have taken the highest time of 40 minutes to 50 minutes. In rigid docking programs 
Cross Docking
In cross docking, all ligands of one group of similar receptor have been docked into one receptor of the same group.
This validation is actually to ensure the efficiency of the program and this kind of testing arises from virtual high through put screening where large numbers of small molecules are docked simultaneously and the best ligand is selected based on binding affinity. Cross docking was tested on 30 proteins comprising 5 unique protein targets namely Penicillopepsin, Trypsin, Renin, Alpha Thrombin, Endothiapepsin and Elastase. Table 2 depicts RMSD analysis in cross docking experiment. Excluding own ligand docking in the reference receptor, out of 25 ligands, 17 ligands docked with RMSD difference of ±1Å. Only in the case of 4est and 1ppc the docking result is much poorer than self docking result and this difference in RMSD may be due to the following reasons: (1) these receptor structures have very little difference because of induced fit [45] and since it is a rigid body docking, the induced conformational changes of the protein cannot be taken care of; and (2) variation in active site residues of similar proteins.
Affinity and Specificity Studies Via Docking-Scoring Protocol
A set of 20 diverse drug targets were considered to evaluate the affinity and specificity performance of the docking protocol as well as scoring function, where all ligands involved were docked in all receptors. Table 3 lists the 20 proteins considered in this study.
A two-dimensional specificity matrix is generated for 20 drugs and their corresponding targets representing some important therapeutic drug targets listed in (Table.4 ). These 20 complexes were selected based on good correlation between experimental and predicted binding affinity. Each column in the figure represents predicted binding affinity of a drug to all the 20 targets. Each row represents the affinities of the 20 drugs to a target. This matrix was generated by docking all the 20 ligands in each of the target and binding affinity is calculated using BAPPL (http://www.scfbio-iitd.res.in/ software/drugdesign/bappl.jsp) scoring function. If the drugs are specific to the targets, high affinities would occur only along the diagonal and all the off diagonal cells would preferably represent nonspecific (weak) binding. However, if the drugs are not highly target specific, the off-diagonal elements would represent strong binding, which could be used as an indicator for improving drug specificity as well as for predicting possible toxicity and side effects.
In Table 4 , the diagonal cells represent predicted binding affinities of the ligand with their original complex. The off diagonals cells shown in grey color exhibit binding better than the original ligand. The white boxes show weak binding of the ligand to other non-sepecific receptors. For e.g. 1aco, 1ai6, 1cx2 ligands exhibit high specificity towards their protein. All the 20 ligands bind better with 1aco and 1ai6 protein as their active sites are very large and the original ligands very small. Also, it was observed that, 1bma, 1cdg and 1k1n ligands exhibit strong binding with all the other proteins which points to possible side effects and toxicity issues related with these proteins. Some ligands (Lig 1, Lig2, Lig11, Lig15 and Lig16) are very specific to their target and some ligands are partially specific to their targets (Lig3, Lig6, Lig7, Lig8, Lig18, Lig19, Lig13 and Lig20). At the same time some ligands tend to bind better with all the 20 proteins (Lig4, Lig5, Lig9, Lig10, Lig12, Lig14 and Lig17). The above study (criss-cross docking) is a method of potential utility where large number of ligands are to be screened computationally at a proteomic level. The accuracies reported here in docking /scoring protocol without system dependent parameterization with diverse targets and a large set of small molecules are thus significant and convey the current state of the art.
CONCLUSION
ParDOCK, a Monte Carlo based docking protocol is described here which is able to reproduce the crystal conformation to an average RMSD of 0.53 in 98% of the cases. The correlation (r = 0.85) between crystal and docked structures shows the efficiency of the scoring function. In addition to the protein-ligand test cases the protocol has also been tested on DNA-drug complexes using PreDDICTA server that predicts DNA-Drug interaction strength by computing T m and affinity of binding [46] as shown in Table 5 .
The efficiency of the algorithm is the outcome of several factors: (1) an all atom energy based model: (2) Monte Carlo search which actually increases the number of possible ligand configurations with the energy of each configuration scored by scoring function which helps in eliminating nonsignificant structures; (3) pre-calculation of the energy of the receptor to the binding energy by defining a grid on the whole protein which decreases the computational time; (4) validation of the protocol on a highly diverse dataset and (5) a fine 1Å grid cube in the search space which enables a thorough checking of the configuration space.
Binding site prediction, torsional flexibility of the ligands and protein are some necessary improvements of this protocol. ParDOCK for now shows a realistic enrichment in docking protocols, with large sets of dataset. The code provides scope for scaling up to more than 8 processors for better speeds. Including pattern matching concept by tracing out the interacting groups present in receptor active site and ligand helps to speed up the protocol and without reference point. This study reports a methodology for harnessing high performance compute environment and adequate sampling for achieving reliable docking in drug design endeavors. 
